The common marmoset (Callithrix jacchus) is a New-World monkey of growing interest in neuroscience. Magnetic resonance imaging (MRI) is an essential tool to unveil the anatomical and functional organization of the marmoset brain. To facilitate identification of regions of interest, it is desirable to register MR images to an atlas of the brain. However, currently available atlases of the marmoset brain are mainly based on 2D histological data, which are difficult to apply to 3D imaging techniques. Here, we constructed a 3D digital atlas based on high-resolution exvivo MRI images, including magnetization transfer ratio (a T1-like contrast), T2w images, and multi-shell diffusion MRI. Based on the multi-modal MRI images, we manually delineated 54 cortical areas and 16 subcortical regions on one hemisphere of the brain (the core version). The 54 cortical areas were merged into 13 larger cortical regions according to their locations to yield a coarse version of the atlas, and also parcellated into 106 sub-regions using a connectivity-based parcellation method to produce a refined atlas. Finally, we compared the new atlas set with existing histology atlases and demonstrated its applications in connectome studies, and in resting state and stimulus-based fMRI. The atlas set has been integrated into the widely-distributed neuroimaging data analysis software AFNI and SUMA, providing a readily usable multi-modal template space with multi-level anatomical labels (including labels from the Paxinos atlas) that can facilitate various neuroimaging studies of marmosets.
Introduction
Neuroimaging techniques, especially magnetic resonance imaging (MRI), are important tools to reveal the anatomical and functional architecture of the brain, and have substantially expanded our knowledge of the human brain (Glasser et al., 2016b; Van Essen et al., 2013) . Several recent large projects in particular have been launched that mainly utilize multi-modal MRI techniques to map the complex wiring diagram in human brains, such as the Human Connectome Project (Van Essen et al., 2013) and the Brainnetome Project (Jiang, 2013) . Advancements in human neuroimaging studies have led to MRI techniques gradually becoming mainstream for translational studies in animal models (Liu et al., 2015; Silva, 2017; Zhang et al., 2012b) . Historically, most animal studies were performed using non-MRI techniques, such as histology, microscopy, and electrophysiology, which examined the brain at different spatial resolutions from human neuroimaging studies, resulting in a large translational gap. One crucial advantage of MRI techniques is their high applicability in both humans and animals, allowing us to study the brain of multiple species at approximately the same spatial scale. This could facilitate the translation of preclinical studies (Oguz et al., 2012) .
The common marmoset (Callithrix jacchus), a small New World monkey, is a valuable non-human primate model that has gained significant recent interest in neuroscience and preclinical research (Hashikawa et al., 2015; Homman-Ludiye and Bourne, 2017; Mitchell and Leopold, 2015) . Due to its great potential in genetic engineering and its phylogenetic closeness to humans, the common marmoset has become an ideal animal model to fill the translational gap borne by rodent models (Kishi et al., 2014) . As the marmoset is a relatively new animal model in neuroscience research, it is not yet fully supported by some of the many basic tools of neuroimaging studies that are already available for human brain research, such as a three-dimensional (3D) MRI-based brain atlas. Brain atlases are indispensable tools for identifying and analyzing neurological structures and connectomes (Fan et al., 2016; Glasser et al., 2016a) . A few traditional paper atlases are available for the common marmoset, in which brain structures are delineated in 2D histological sections according to their cytoarchitecture and/or chemoarchitecture (Palazzi and Bordier, 2008; Paxinos et al., 2012; Yuasa et al., 2010) . These atlases provide useful information regarding the marmoset neuroanatomy, but are insufficient to analyze MRI and connectome data. While recently published digital versions of the histology-based atlases may make such analysis feasible, for example by allowing registration of these atlases to MRI images (Hashikawa et al., 2015; Majka et al., 2016; Newman et al., 2009; Paxinos et al., 2012; Tokuno et al., 2009) , the large gaps between consecutive sections of the histological plate and the different image contrasts make registration inaccurate without intensive manual correction. In addition, none of these atlases are integrated into any modern neuroimaging software, further limiting their usability.
In the current study, we present a new MRI-based 3D digital atlas set of the marmoset brain ("NIH marmoset brain atlas", or "NIH-MBA" for short) that is designed for MRI and connectome studies (Fig. 1) . A marmoset brain template space was created from a set of ex-vivo multimodal high-resolution MR images, including magnetization transfer ratio (MTR, a T1-like contrast), T2-weighted (T2w) images, and multishell diffusion MRI. The core version of the atlas includes 54 cortical and 16 subcortical areas (in one brain hemisphere) that were manually delineated and annotated on the multi-modal MRI dataset with datadriven refinements. From this original core annotation, a coarse version was created by merging the original 54 cortical areas into 13 larger cortical areas based on their spatial locations. A refined version of the atlas was also created by subdividing the original 54 regions of the core version into 106 regions using an optimized structural connectivitybased parcellation method. Finally, we evaluated the atlas reliability by comparing it with existing histology-based atlases, and demonstrated its usability in various applications, including both resting-state and stimulus-based fMRI, as well as diffusion tractography and structural connectomes. The 3D digital atlas and its multi-modal templates are distributed publicly in standard NIFTI formats that can be easily integrated with most neuroimaging software packages, for example AFNI and SUMA (https://afni.nimh.nih.gov), and will become an invaluable tool to study the anatomical and functional architecture of the marmoset brain.
Materials & methods

Animals, MRI data collection and preprocessing
All procedures were approved by the Animal Care and Use Committee of the National Institute of Neurological Disorders and Stroke. Brain samples of five adult marmosets were recruited for the construction of the atlas. One marmoset (male, 4.5-year-old) was picked as the template subject to build the core version of the atlas, and the other four marmosets (two males, 8.4-year-old and 10.9-year-old; two females, 4.7-year-old and 3.9-year-old) were used as the validation dataset.
Ex-vivo MRI data were acquired on a 7 T 30 cm (Bruker Biospin) MRI platform with a 35-mm birdcage volume coil. Before MRI scanning, formalin-fixed marmoset brains were soaked with 0.15% gadopentetate dimeglumine (Magnevist, Bayer, Leverkusen, Germany) for 3 weeks to reduce the T1 relaxation time. The brains were fitted into 3D-printed brain holders to maintain them in an orientation convenient for later data Fig. 1 . Overview of the construction of the marmoset brain atlas. The marmoset brain atlas was built from a set of ex-vivo multi-modal high-resolution MRI images that included multi-shell diffusion MRI, T2w, and magnetization transfer ratio (MTR). Based on the manifold local MRI contrasts, we manually delineated 54 cortical areas and 16 subcortical regions on one brain hemisphere. From this original version, we also created a coarser version with 13 larger cortical regions joined together based on their spatial locations, as well as a refined version in which 106 cortical areas were determined by performing a connectivity-based parcellation using diffusion tractography. All 3 versions of the atlas were constructed on the right hemisphere and mirrored on the left hemisphere to create symmetric versions. The atlas set provides a readily usable 3D template space with anatomical labels that can facilitate various neuroimaging studies of marmosets.
processing (Guy et al., 2016) . Multi-modal MRI data were collected for the template subject, including MTR, T2w image, and multi-shell diffusion MRI. (b ¼ 2400, 4800, and 7,200) , 6 b0 and 126 directions per shell, number of average ¼ 1 for the shells b ¼ 2,400 and 4800, number of averages ¼ 2 for the shell b ¼ 7200, and total acquisition time was about 150 h (more than 6 days). Multi-shell gradient sampling schemes were generated by the IMOC method of the DMRITool (Cheng et al., 2017) . For the other four marmosets, only a single-shell diffusion MRI (b ¼ 4,800) and an MTR image were collected. Diffusion MRI data were preprocessed and fitted the following diffusion models, including the diffusion tensor model (DTI), the diffusional kurtosis model (DKI) (Tabesh et al., 2011) , the neurite orientation dispersion and density model (NODDI) (Zhang et al., 2012a) and the constrained spherical deconvolution (Tournier et al., 2004) . These models provided alternative structural contrasts that complemented the T2w and MTR images. Detailed preprocessing procedures are described in Supplementary Methods. The AC-PC coordinate system was adopted for the atlas set. All MRI images were co-registered so that the top slice of the anterior commissure (AC) and the bottom slice of the posterior commissure (PC) were on the same horizontal plane (z ¼ 0). The midpoint of the AC on the z ¼ 0 axis plane was set as the original of the template space (0,0,0). In addition, we also provided a transformation that converted the AC-PC coordinates to stereotaxic coordinates (Supplementary Figure S1 and Supplementary Methods). The transformation was estimated by affine aligning the exvivo images to an in-vivo structural image (with stereotaxic coordinates) from the same animal.
Construction of the MRI-based atlas
Manual delineation
The MRI-based atlas (the core version) was constructed using the multi-modal MRI contrasts from the template subject. Each modality provided alternative views of the marmoset brain anatomy ( Fig. 2A and Supplementary Table S1 ). For example, the boundaries of the visual area V1 and V2 can be clearly identified in the fractional anisotropy (FA) image; the boundary between secondary somatosensory cortex (S2) and the insular cortex (Ins) is identifiable in the FA-weighted principal direction of the diffusion tensor; the posterior parietal cortex (PPC) can be isolated from somatosensory cortex (S1 and S2) in the orientation dispersion index of the NODDI model; and the MT area was a dark band in the T2w image. Based on these MRI contrasts, all possible regional boundaries were manually delineated on each coronal slice and then manually labeled and named using a similar nomenclature to the Paxinos atlas (Paxinos et al., 2012) (Fig. 2B and C) . In total, 54 cortical regions were drawn on the right hemisphere of the template. Additionally, 16 subcortical structures and the cerebellum were also delineated in our atlas. The labels of all brain regions are provided in Supplementary Table S2 .
Improving the atlas by the "columnar anisotropy"
As the atlas was drawn mainly on coronal sections, it appeared to be reasonably smooth in the coronal view, yet when viewing the atlas in either sagittal or axial views, many mismatches of cross-coronal-section boundaries (jagged labels) were noticed (Fig. 2D ). This is also a known issue when converting 2D drawings from 2D histology-based atlases into a 3D volume (Reveley et al., 2017) . This could be improved by exploiting the columnar orientation (anisotropy) of the cortex. Cortical tissue tends to form columns whose orientation is approximately perpendicular to the cortical surface. In a previous study of the macaque atlas, an algorithm was used to find the radial columnar direction by simulating vector fields between the cortical surfaces (Reveley et al., 2017) . When the direction can be found, the cortical voxels along the direction should be assigned with the same label ( Fig. 2E ). In our high-resolution marmoset data, the principal diffusion direction map clearly outlines the cortical columnar orientation (Fig. 2F ). The cortex presents anisotropies along the direction of the cortical columns because most of the neurons are oriented perpendicular to the cortical surface and the most prominent neurons are pyramidal cells (Fig. 2E ). Here, we proposed an easier to implement, data-driven method to find the cortical columnar anisotropy, which was estimated by local probabilistic tractography. The probabilistic tracking was conducted using the PROBTRACKX2 of the FSL (Behrens et al., 2003 (Behrens et al., , 2007 , and is described in Supplementary Methods. For each voxel within the volume of the cortex, the tractography could find one voxel on the GM-WM boundary that had the highest connectivity probability with it. The label of the voxel on the GM-WM boundary was then used to relabel the corresponding voxel of the cortex (Fig. 2F ). This approach corrected most jagged labels and errors ( Fig. 2G and H ). Finally, a mode filter to find the most commonly found region index within a small local neighborhood (a kernel of 0.3 mm) was used to effectively smooth the atlas (Reveley et al., 2017) .
Refining boundaries by comparing atlases
We compared our atlas directly with existing histology-based atlases (Fig. 3) . Currently, there are two published histology-based atlases with digital access that follow a similar nomenclature to ours, the digital Paxinos atlas (Majka et al., 2016) from the Marmoset Brain Architecture Project (http://marmoset.braincircuits.org) and the digital marmoset brain atlas (Hashikawa et al., 2015) from Riken Brain Science Institute (http://brainatlas.brain.riken.jp/marmoset). The original parcellation of these two atlases has many small sub-regions, most of which are defined according to relative spatial positions. These sub-regions were merged to match the number of regions in our MRI-based atlas (Supplementary Table S3 ). For example, "area 46 dorsal part" and "area 46 ventral part" were merged into "area 46". These two atlases (with Nissl stained images) were nonlinearly registered to the MTR template of our atlas by using Advanced Normalization Tools (ANTs) (Avants et al., 2011) . Due to different contrasts and the large slice gaps of histology-based atlases, the registration between histology images (Nissl) and MRI images always produced many errors. We manually corrected those identifiable registration errors. Here, we used the Riken atlas for the comparison, as it had a smaller slice gap than the digital Paxinos atlas. We also registered and compared the two histology-based atlases with each other, and their differences could be regarded as a benchmark. Fig. 3 . Refining the MRI-based atlas based on its differences from the existing histology-based atlas (A) Example of voxels that have different (inconsistent) labels (indicated in red) between the MRI atlas (after the columnar-anisotropy relabeling) and the Riken atlas. (B) Cortical areas that show inconsistencies between atlases were refined based on their connectivity profiles. Regions A (red) and B (blue) represent two adjacent areas that have the same (consistent) labels in both MRI and Riken atlases, while the boundary voxels (gray) represent areas with different (inconsistent) labels in the two atlases. Whole-brain tractography was performed for region A, region B, and for each gray voxel to map their connectivity patterns. The gray voxels were then assigned to either region A or B according to similarities of their connectivity patterns to each of the two regions. (C) Inconsistency rates between different atlases. "MRI vs. Histology" bars show inconsistency rates between the MRI atlas and the merged Riken atlas. "Columnar anisotropy" represents the MRI atlas after relabeling by the columnar anisotropy. "Resolving inconsistency" represents the MRI atlas after refining the cortical boundaries based on their connectivity patterns. "Histology vs. Histology" bars show the inconsistency rate between two histological atlases, the Riken atlas and the Paxinos atlas. "Original" represents the original histology atlases (119 cortical regions). "Merged" represents the histology atlases with the number of regions matched with the MRI atlas (54 cortical regions).
Our MRI-based atlas showed high consistency with the histologybased atlases with most differences located within regional boundaries (Fig. 3A) . The inconsistency rate between the MRI-based atlas (with the "columnar-anisotropy" refinement) and the Riken histology-based atlas was 25.75% (Fig. 3C) , which was similar to the benchmark rate of 25.43% measured between two histology-based atlases. The calculation of "inconsistency rate" is described in Supplementary Methods. Three factors could contribute to the inconsistency, including registration errors, individual variabilities and human biases (subjective errors) of manual delineation, which are difficult to manually correct.
Instead of ignoring those differences, we used them to refine the MRIbased atlas employing a data-driven approach (Fig. 3B) . For every two adjacent brain regions, we performed whole-brain tractography on each respective sub-region that was consistently labeled in both MRI-based and histology-based atlases, and also on each of the boundary voxels that were labeled differently (inconsistently) between the two atlases. The detailed tractography method is described in Supplementary Methods. Based on the tractography, we mapped the connectivity profiles of each consistent sub-region and of all boundary voxels with the rest of the brain, and calculated the Euclidean distance between the profiles. Each boundary voxel was then reassigned to the region with a similar connectivity pattern. By using this objective approach, we refined regional boundaries of the MRI-based atlas and reduced its inconsistency rate with the histology-based atlas to 21.23%, smaller than the benchmark rate (Fig. 3C) .
Construction of the location-based atlas
After the core version of the MRI-based atlas was constructed, we made two other versions ( Fig. 1) : a coarse location-based atlas and a refined connectivity-based atlas. To obtain the location-based atlas, we merged the 54 cortical areas of the MRI-based atlas into 13 larger regions according to their spatial locations adopted from the Paxinos atlas (Paxinos et al., 2012) . The 13 regions were: the dorsolateral prefrontal cortex; the ventrolateral prefrontal cortex; the medial prefrontal cortex; the orbital frontal cortex; the motor and premotor cortex; the somatosensory cortex; the auditory cortex; regions in lateral sulcus; lateral and inferior temporal areas; ventral areas of the temporal lobe; the posterior parietal cortex; the posterior cingulate and retrosplenial cortex regions; and the visual cortex.
Construction of the connectivity-based atlas
Connectivity-based parcellation
The refined connectivity-based atlas was obtained by parcellating the core version into 106 regions using a connectivity-based parcellation algorithm (Fig. 1) . The general pipeline of the parcellation was similar to those commonly used in the parcellation of the human brain (Fig. 4A) , in which whole-brain tractography was conducted from each voxel of a seed region to construct a seed-to-target connectivity matrix for the clustering. The detailed tractography method is described in Supplementary Methods. We used the same spectral clustering method used in previous studies of the human brain, which was implemented in the ATPP software (Li et al., 2017) . The spectral clustering calculates the eigenvectors (spectrum) of the similarity matrix of the data and uses the spectrum as features for the clustering (Ng et al., 2002) , and is a commonly-used method for the connectivity-based parcellation.
Although the general pipeline used was similar to the one used in human studies, we optimized the method to better fit our data. For highresolution data of marmosets, cortical layers can be distinguished and therefore may be parcellated into different sub-regions. To avoid this issue, the parcellation algorithm was only performed on voxels residing in the GM-WM boundary of each brain region, and then the parcellation results were fused into the entire cortex using our columnar-anisotropy approach (Fig. 4B) .
The remaining question concerning the clustering algorithm was to define the optimal number of clusters (K). Many indices have been developed to estimate the optimal K. Instead of relying on a single index, we calculated 26 commonly-used indices using the Nbclust package of R language (Charrad et al., 2014) , also listed in Supplementary Methods, and Fig. 4 . Construction of the connectivity-based atlas. (A) Pipeline of the connectivity-based parcellation. Whole-brain tractography was performed for each seed voxel. The connectivity probability between each seed voxel and each target voxel was calculated to construct a seed-target connectivity matrix, which was then used to parcellate each seed region using a spectral clustering algorithm. (B) To avoid the influence of different cortical layers on the parcellation, only voxels residing in the GM-WM boundary were parcellated and then fused to the whole cortex according to our "columnar-anisotropy" method. (C) The number of clusters (K) was determined by computing multiple statistical indices followed by manual inspection. For example, although the indices suggested K ¼ 8 as the best solution to parcellate the insular cortex, manual inspection showed it resulted in many small and jagged clusters; on the other hand, the second optimal K ¼ 4 generated a better result and was selected for the final parcellation. manually examined the optimal K according to a majority rule. Using the insular cortex as an example (Fig. 4C ), these indices suggested K ¼ 8 was the optimal number of clusters, however, the solution K ¼ 8 resulted in the insular cortex being parcellated into too many small and jagged sub-regions. We then examined the second optimal value for K (K ¼ 4), which generated a better result and was thus selected for the final parcellation. A threshold of 3 mm 3 was used as the minimum volume for acceptable clusters. This threshold was chosen based on the size of the smallest region (3.1 mm 3 ) in the MRI-based atlas. In result, a few small brain regions were not parcellated further. The parcellation was repeated for all brain regions of the core MRI-based atlas and finally produced a connectivity-based atlas with 106 cortical regions. The nomenclature of the connectivity-based atlas is described in Supplementary Methods.
Maximum probability map and cross-validation
We parcellated the MRI-based atlas into a fine-grained version with 106 regions using a connectivity-based parcellation approach optimized for the marmoset data (Fig. 4) . The parcellation was performed directly on the template subject and on the other four marmosets after registering the MRI-based atlas to their native spaces. Their parcellation results were then transformed back to the template space and were used to construct the group Maximum Probability Map (MPM) that assigned most probable labels to each voxel according to the majority rule across subjects (Eickhoff et al., 2005; Fan et al., 2016) . The parcellation of the template marmoset showed a high consistency with the group MPM (Fig. 5A ). To quantitatively evaluate the reproducibility of the parcellation, we conducted leave-k-out cross-validation on the parcellation results (Fig. 5B) . For the subject-subject comparison, the inconsistency rate was 30.09% on average. As two marmosets (Group-2) were insufficient to make a valid group MPM, its inconsistency rate was not improved (30.64%) for the group-subject comparison. However, when a valid group MPM was created (!3 marmosets), the inconsistency rates were improved significantly to 27.29% (Group-3) and to 26.26% (Group-4). The group MPM was also close to a convergence, as "Group-3" had a significantly lower rate (3.35%, p < 0.001) than "Group-2" but "Group-4" had a nonsignificant lower rate (1.03%, p ¼ 0.5854) than "Group-3". Because lower inconsistency rate was observed with the group MPM than any subject parcellation, the final connectivity-based atlas was constructed based on the MPM of all five marmosets.
In the previous section (Fig. 3C) , we showed that the benchmark inconsistency rates (histology vs. histology) was 25.43% for the merged histology atlases (54 regions) and 34.07% for the original atlases (119 regions), suggesting that more brain regions result in higher inconsistency. Here, the inconsistency rate with 106 regions (26.26%) was close to the benchmark rate (25.43%; 54 regions), demonstrating the high reproducibility of the connectivity-based parcellation (Fig. 5B ).
Evaluation and applications
Structural connectome
The MRI-based atlas and the connectivity-based atlas provide a framework with brain regions as network nodes for constructing a wholebrain connectome. These two atlases were first nonlinearly transformed to each marmoset's native space by ANTs, and network edges were then computed between each pair of nodes via probabilistic tractography. The detailed approach of the connectome construction is described in Supplementary Methods. These connectivity probabilities composed a structural connectome of each marmoset, which was displayed using the connectogram created by the Circos software (http://circos.ca).
Performance of registration
Using the same algorithm of ANTs, our MRI-based atlas, the Riken atlas, and the digital Paxinos atlas, were nonlinearly registered to different MR images, including ex-vivo MTR, ex-vivo T2w, ex-vivo FA (0.15 mm isotropic), in-vivo T1w (0.25 mm isotropic), in-vivo T2w (0.25 mm isotropic) and in-vivo EPI (0.5 mm isotropic) images. These images were collected from other marmosets unrelated to the atlases. For the MRI-based atlas, the MTR image of the template subject was used for the registration of ex-vivo MTR and in-vivo T1w image; the S0 image was used for ex-vivo T2w, in-vivo T2w and in-vivo EPI; the FA image was used for ex-vivo FA image. For the two histology-based atlases, their Nissl stained images were used for the registrations.
Resting-state and stimulus-based fMRI
Resting-state fMRI was collected from one awake marmoset on the same 7 T MR platform. Training and awake imaging restraint procedures were described in our previous studies (Belcher et al., 2013; Silva et al., 2011) . Data acquisition and preprocessing procedure is described in Fig. 5 . Evaluation of the connectivity-based atlas. (A) Examples of parcellation. The left column shows the parcellation on the template subject. The right column shows the group Maximum Probability Map (MPM) of all marmosets. From top to bottom: parcellations of area 4, area 24 and visual area V1. Individual subject parcellations show high similarity with the group MPM parcellations (B) Cross-validation of the connectivity-based atlases. "Subject vs. Subject" represents differences in the connectivity-based atlases between any two marmosets; "Group vs. Subject" represents differences between the parcellation from one marmoset and from a group MPM of several other marmosets; "Group-2" represents an MPM based on two marmosets; "Group-3" based on three; and "Group-4" based on four marmosets, which is the maximum number can be tested with five marmosets in total. Values are presented as mean ± SEM. ***p < 0.001, adjusted for multiple comparisons. (C) The final connectivity-based atlas was constructed based on the group MPM of all marmosets.
Supplementary Methods. By transforming our atlas to the data, the mean time course of a seed (PGMa) was extracted, and the seed's temporal correlation with the whole brain was calculated to generate a correlation map.
Two marmosets were recruited for the stimulus-based fMRI, one for somatosensory stimuli and the other for auditory stimuli. In brief, electrical stimuli were delivered to both hands of the awake marmoset using a block design, and a general linear model (GLM) was used to calculate activation maps. For the auditory stimuli, sound stimuli were delivered to the marmoset via MRI-compatible headphones designed for the marmoset. Only 8 slices were collected with an orientation parallel to the lateral sulcus with partial brain coverage.
Implementation and distribution
Our atlases and multi-modal MRI templates (NIH-MBA) are publicly available in NIFTI formats via the NITRC site (https://www.nitrc.org/ projects/nih_marmoset) or via an installation script from AFNI (@Install_NIH_Marmoset for version > 17.2.12). We integrated all atlases into the AFNI that provides fully-featured atlas functions, in which any brain regions and coordinates can be easily located and reported with multiple labels from different versions of atlases (Supplementary Figure S2) , including our three atlases and the Paxinos atlas. In addition, the raw multi-shell diffusion MRI data are available and shared upon request. As the digital Paxinos atlas from the Marmoset Brain Architecture Project (http://marmoset.braincircuits.org) was licensed under a CC BY-SA 4.0 License (https://creativecommons.org/licenses/by-sa/4.0), the digital Paxinos atlas registered on our MRI template was included in the release as well under the same license.
Results
Structural connectome
We used the atlas set to map the structural connectome of the marmoset brain by performing probabilistic tractography from each brain region (Fig. 6) . The connectome of the template subject shows highly similar patterns compared to the connectome of the validation dataset (the other four marmosets): the MRI-based atlas resulted in a high correlation of r ¼ 0.93 between the connectome of the template subject and that of the validation dataset (Fig. 6A) , and the connectivity-based atlas had a correlation of r ¼ 0.9 (Fig. 6B) , demonstrating the high reproducibility of the atlases.
Performance of registration
The usability of an atlas for an MRI study relies on the accuracy of the registration of its templates. The most commonly used anatomical image for registration in the ex-vivo MRI studies includes MTR, T2w and FA, and in the in-vivo studies includes T1w, T2w and EPI (DWI or fMRI). Here, we tested the performance of our MRI-based atlas (multi-modal MR images as the templates) with two existing histology-based atlases (Nissl stained images as the templates) on their nonlinear registration to these MRI modalities (Fig. 7) . The MRI-based atlas had better registration results, even in low-resolution and distorted EPI images. On the contrary, most of the registrations from the histology-based atlases were erroneous. Only their registrations to the MTR image was acceptable, but they still had many errors that were required intensive manually correction. Consequently, our 3D MRI-based atlas with multi-modal MRI templates provides an important advantage over the histology images in the registration of MRI images.
Resting state fMRI and stimulus-based fMRI
The atlas set is useful for any region-of-interest (ROI) based studies. Here we performed a conventional seed-based correlation analysis on the area PGMa from the atlas (Fig. 8) , and could readily locate regions that mostly correlated with the PGMa, including the posterior cingulate and retrosplenial cortices (PCRSC), posterior parietal cortex (PPC), and inferior temporal cortex (TE) and dorsolateral prefrontal cortex (DLPFC) and medial prefrontal cortex (MPFC).
The atlas set is also capable of locating regions of any activation maps For demonstration purposes, the connectomes were thresholded at a 20% network sparsity to remove potential false-positive edges with low connectivity probabilities, and only the edges of the right hemisphere are displayed. (B) Structural connectome of the connectivity-based atlas. The same probability thresholds were applied. From left to right are the connectome of the template subject, the averaged connectome of the other four validation animals, and the correlation of all connectivity probabilities between the connectome of the template subject and the averaged connectome of the validation animals. For the connectome graph, each color-coded column represents one brain region and a red line represents an edge between two brain regions. The thickness and the color depth represent the connectivity probability of each edge, where a thicker line and a darker color mean a higher probability. The heatmaps show network features, including regional volume (green), degree centrality (red), weighted strength (orange), betweenness centrality (blue) and cluster coefficient (purple), where a darker color means a higher value.
from stimulus-based fMRI (Fig. 9) . For somatosensory stimuli, where the data were collected with full brain coverage, we directly registered the activity map to our MRI templates and accurately located the activated regions, including the primary motor cortex (A4), primary somatosensory cortex (S1) and secondary somatosensory cortex (S2). For auditory stimuli, only a few slices were collected parallel to the lateral sulcus with partial coverage. It was difficult to register it to 2D histology-based template and many existing tools may fail to find the correct orientation. Instead, we could easily rotate the 3D atlas to a similar orientation and then perform the registration. In addition, with multi-modal , an in-vivo T2w image (E), and an echo planar imaging data (F) from marmosets that were not involved in the atlas construction. Fig. 8 . Application of the atlas to resting-state fMRI. The connectivity-based atlas was spatially transformed to the mean EPI image of resting-state fMRI data collected from an awake marmoset. The mean time course of the area PGMa was extracted from the preprocessed data, and its temporal correlations with the whole brain voxels were calculated. The final correlation map consisted of the top 5% of voxels that are mostly correlated with the PGMa. The correlation map was directly transformed to our template (T2w), and the most correlated regions can be easily labeled using our atlas. MPFC: medial prefrontal cortex, PCRSC: posterior cingulate and retrosplenial cortices, PPC: posterior parietal cortex, LIT: lateral and inferior temporal cortical region, DLPFC: dorsolateral prefrontal cortex, TE: inferior temporal cortex, IP: intraparietal area, VC: visual cortex.
templates, we could select a template modality that was matched with the experimental data to ensure an accurate registration. For example, we used the T2w image of the atlas for the somatosensory stimuli (with a T2w anatomical image) and the MTR image for the auditory stimuli (with a T1w image).
Discussion
Multi-modal and multi-level 3D MRI atlas
In this study, we constructed a new digital 3D atlas set that was designed and optimized for MRI-based neuroimaging and connectome studies of the marmoset. Compared with the traditional histology-based atlases of the marmoset brain, our atlas has three main advantages: 1) Brain regions are directly delineated or mapped onto 3D MRI images to avoid the inaccuracy from histology-to-MRI registration; 2) highresolution multi-modal MRI templates are provided for accurate registration to different MRI modalities; 3) the multi-level parcellation schemes allow locating brain regions with a hierarchical labelling and provides choices for ROI-based analyses and connectome studies.
The three versions were constructed with a hierarchical relationship. When using the atlas set to locate regions from an activation or correlation map, the anatomical labels of all three versions are reported at once, for example using the fully-featured atlas functions ("AFNI whereami") powered by the AFNI (Supplementary Figure S2) . When conducting ROI-based analyses or connectome studies, however, a researcher may need choose one of the three versions. The choice may depend on the data resolution and the experimental purpose. The MRIbased atlas is the core version, having enough number of regions for most applications, including whole-brain connectome analyses. Additionally, the MRI-based atlas has a high accuracy of registration, as most tools also use the MRI contrasts for image registration. The locationbased atlas (the coarse version) may be suitable for comparative studies across species because one can easily find the homologous regions in other mammal species. The location-based atlas is also recommended for connectome analyses on low-resolution data, because a low resolution (>0.5 mm isotropic) data generates small regions with relatively few voxels (<27 voxels) in the MRI-based atlas and the connectivity-based atlas (Supplementary Figure S3) . The connectivity-based atlas can be used to construct high-resolution whole-brain structural connectomes that require many brain regions (network nodes), as it provides the most fine-grained parcellation among the three versions and has sub-regions defined by their differences in structural connectivity.
Reproducible contrasts are the cornerstone of atlases and the importance of atlas diversity Brain atlases have been evolving for more than a century. Almost all brain atlases were delineated or calculated on different contrasts, ranging from traditional cytoarchitecture (local contrasts) to recent connectivity patterns (global contrasts). The key prerequisite for any usable contrast is that it is reproducible across different individuals. Since the pioneering work of the Brodmann atlas (Brodmann, 1909) , area delineations were mainly based on histological contrasts, such as cytoarchitecture. Gradually, histology-based atlases have almost been treated as the "gold standard" for brain parcellation. However, besides cytoarchitecture, a brain region can also be defined by other properties, including its connectivity patterns, topographic organization and functional properties (Paxinos, 2016) . In addition, existing histological atlases only captured a few aspects of the brain architecture, as not all cell types and structures were utilized to delineate regional boundaries. Thus, there is no definitive "gold standard" for a brain parcellation.
Without a "gold standard", the only way is to view the brain from different aspects and identify brain regions by multiple criteria. Nowadays, anatomists have begun to build atlases using other contrasts beyond the traditional cytoarchitecture, such as gene expression patterns (Ng et al., 2009) . The emergence of functional and diffusion MRI allows mapping of brain functional and structural connectivity directly, which were used to create two new connectivity-based atlases of the human brain (Fan et al., 2016; Glasser et al., 2016a) . The diversity of human brain atlases substantially innovates the perception and analysis of brain structure and function.
In this study, we constructed an MRI-based atlas delineated directly on local MRI contrasts. The atlas had high consistency with the histological atlas, indicating the similarity and relationship between the cytoarchitecture and MRI contrasts. For example, the MTR and T2w are affected by the macromolecules in the tissue (Grossman et al., 1994) ; the FA and RD contrasts are highly related to the myelination or the directionality of fiber bundles (M€ adler et al., 2008) ; and the ODI reflects neurite orientation dispersion and density (Zhang et al., 2012a) . Although there is no strict one-to-one relationship with any specific tissue, MRI contrasts reflect the sum effect of all tissues. Furthermore, the reproducible nature of the MRI contrasts also makes them useful and reliable in delineating regional boundaries. Due to its 3D feature and multi-modal contrasts, the MRI-based atlas can be directly used in neuroimaging studies without the inaccuracy from the inter-modal histology-to-MRI registration.
As discussed above, a brain region is defined not only by the local architecture, but also by its global connectivity. One of the most important techniques for examining real anatomical connections is neuronal tracing (Calabrese et al., 2015) . However, the neuronal tracing requires a "predefined" brain region and due to its labor-intensive nature, it is almost impracticable for a high-throughput brain parcellation. Thus, historically, few atlases have used connectivity information to parcellate the brain. This situation has changed with the development of MRI and machine learning techniques. A growing number of human studies revolutionarily have used functional or diffusion MRI to conduct the connectivity-based parcellation (Eickhoff et al., 2015) . Inspired by the breakthrough in human brain atlases, we constructed a connectivity-based atlas for the marmoset brain. The general method we used was similar to a recent study (Fan et al., 2016) , which had proved its reliability and reproducibility in the parcellation of the human brain. We optimized the method for our high-resolution marmoset data and also obtained a connectivity-based atlas with high reproducibility across different animals. As a great contribution to the atlas diversity of the marmoset brain, the connectivity-based atlas is an important complement to the existing schemes based on architectures.
The main drawback of the connectivity-based parcellation is that the Fig. 9 . Application of the atlas on stimulus-based fMRI. (A) A somatosensory task with the electrical stimuli delivered to both hands of an awake marmoset. The activated areas can be readily located after being spatially transformed to our atlas template (T2w), including the primary somatosensory cortex (S1), secondary somatosensory cortex (S2), and primary motor cortex (A4). (B) An auditory task with sound stimuli delivered via MRIcompatible headphones designed for the marmoset. Because the data was oriented parallel to the lateral sulcus with partial coverage, we rotated the atlas to a similar orientation and then performed the registration. Au: auditory cortex; Core: auditory core region; Belt: auditory belt region.
"connectivity" patterns mapped by diffusion tractography may not accurately depict real anatomical connections (Thomas et al., 2014) . Diffusion tractography is powerful in reconstructing white matter tracts, but may fail at a crossing-fiber area and may generate many false-positive tracts (Johansen-Berg and Behrens, 2009; Thomas et al., 2014) . With an almost smooth brain (few gyri and sulci), the marmoset brain has a simpler white matter structure and fewer branching and crossing fibers than the human brain. Our high-resolution multi-shell data and probabilistic tractography also helped the tracking in crossing fibers (Behrens et al., 2003 (Behrens et al., , 2007 . Nevertheless, it is imperative to examine the "real" connections of each region to directly verify the fiber pathways reconstructed by the diffusion tractography (Liu et al., 2016) . With a complete neuronal-tracing database of the mouse brain (Kuan et al., 2015; Oh et al., 2014) , a previous study revealed a medium correlation (r ¼ 0.42) at finest level of anatomic detail between the diffusion-tractography-based connectivity and neuronal-tracing-based connectivity (Calabrese et al., 2015) . Significant correlation (r ¼ 0.59) in connection weights was also observed in macaques between two tract-tracing approaches (Donahue et al., 2016) . A neural-tracing database, the Marmoset Brain Architecture Project, has been launched recently (http://marmoset.braincircuits.org). Although still in its early stage, the project will play an irreplaceable role in examining the anatomical connections of the marmoset brain.
Limitations and future directions
The multi-modal MRI templates of the atlas were collected from a single marmoset, and thus cannot represent the entire marmoset population. While ideally the templates should have been generated from several individuals of both genders and varying ages, averaged into a "population" template, it is very difficult to obtain enough number of adult brain samples for ex-vivo imaging, due to the need to sacrifice valuable animals to make the "population". Population-based in-vivo templates are useful for tissue segmentation and voxel-wise statistics (Hikishima et al., 2011) , but they do not have enough spatial resolution and contrast to depict the detailed neuroanatomy of the marmoset as our ex-vivo data does. We picked one marmoset (male, 4.5-year-old) as the template subject because this age and gender are most commonly used in MRI studies. A 4.5-year-old marmoset is fully matured but not too old. And we picked a male subject mainly because males are more commonly used in experiments, as females are favored by most labs to be used as breeders. Nevertheless, we took various steps to validate our template obtained from a single subject. Mainly, we created a validation dataset by selecting 4 other marmosets of both genders and different ages. The registration of the single-subject template to each and every single one of the other subjects in the validation dataset was accurate (Fig. 7) and the structural connectomes comparing a single individual to the population were consistent (r > 0.9, Fig. 6 ), despite the differences in age, gender and even pulse-sequences (the atlas data: multi-shell DWI v.s the validation data: single-shell DWI). These results also suggest that the anatomical variability across individuals can be resolved by nonlinear registration algorithms. This is not surprising, as nonlinear registration algorithms have proved its performance in human data that have even more anatomical variability than marmosets.
Generally, conducting neuroimaging studies on animals, including marmosets, is not as convenient as human studies. Besides the unusual challenges in the image acquisition of small animals, many basic tools for animal studies are lacking. In terms of brain atlases, human neuroimaging studies have benefited greatly from the richness of their atlases' diversity, from traditional histology-based atlases (Brodmann, 1909) to recent connectivity-based atlases (Fan et al., 2016; Glasser et al., 2016a) . In addition, these atlases often come with sophisticated tools and analysis pipelines that provide many useful features to facilitate human neuroimaging studies. On the contrary, few atlases and tools have been designed for the neuroimaging studies of the marmoset, impeding its comparative and translational utility. Motivated by these demands, we created the atlas that has a general utility in applications involving structural, functional, or connectome imaging of the marmoset. However, compared with the versatile tools in human studies, this atlas cannot provide all the features we would like to see available for the marmoset researcher. The atlas itself also has much room for improvement with better data and better methods. Using the current ex-vivo atlas set as a cornerstone, we aim to build atlases and utilities designed for the neuroimaging studies of the marmoset in the future.
